Abstract This study addresses the predictability of rainfall variations over South America and the Amazon basin. A primary factor leading to model inaccuracy in precipitation forecasts is the coarse resolution data utilized by coupled models during the training phase. By using MERRA reanalysis and statistical downscaling along with the superensemble methodology, it is possible to obtain more precise forecast of rainfall anomalies over tropical South America during austral fall. Selective inclusion (and exclusion) of member models also allows for increased accuracy of superensemble forecasts. The use of coupled atmospheric-ocean numerical models to predict the rainfall anomalies has had mixed results. Improvement in individual member models is also possible on smaller spatial scales and in regions where substantial topographical changes were not handled well under original model initial conditions. The combination of downscaling and superensemble methodologies with other research methods presents the potential opportunity for increased accuracy not only in seasonal forecasts but on shorter temporal scales as well.
Introduction
The South Asian monsoon has been well documented in literature. It is the most pronounced case of seasonal reversal of wind direction on the planet (Chang and Krishnamurti 1987) . Similar monsoons occur over eastern Asia, western North America, and over the Amazonian regions of South America. Much of the world's economy including, but not limited to agricultural and commercial industries, depends upon the regularity, predictability, and magnitude of the rainfall brought by these warm season events. The late arrival of the monsoon may leave crops destitute, drinking water at dangerously low levels, and energy costs at record levels due to subsequent drought and in some cases decreased generation of hydroelectric power (Gadgil and Gadgil 2006 ).
Climate overview
There are general similarities between the Asian monsoon and the South American monsoon. The Asian monsoon results from a buildup of available potential energy, which converts to divergent kinetic energy then rotational kinetic energy. This subsequently leads to formation of the upper tropospheric anticyclone over Tibet (Krishnamurti and Ramanathan 1982; Wu and Zhang 1998) . A similar process occurs over South America but from differing sources of potential energy (Li and Fu 2004) . The Asian monsoon is initiated by differences in sensible heat caused by the Himalayas and the Tibetan Plateau to the north and the Indian Ocean to the south (Wu and Zhang 1998) . Such a massive elevation difference is not present over the South American continent. In fact, the majority of the land mass is situated near the equator so differential heating is not the mechanism that causes the instability needed to initiate the wet season. The South American monsoon initiates from evapotranspiration processes whereby latent heat release fuels early season convection (Fu et al. 1999) . Following this thinking, the effects of deforestation, the subsequent increase in albedo and lower seasonal precipitation amounts, may result from a decrease in latent heat flux as evapotranspirative processes contributions are diminished (Berbet and Costa 2003) .
The South American wet season typically begins during October/November with documented cases as early as September and as late as December. The end of the wet season coincides with the austral fall and decrease in incoming solar heat flux. March is usually the last month where above normal rainfall is observed over the domain (Wang and Fu 2002) . Fu et al. (2001) showed the large sensitivity of seasonal precipitation over the eastern Amazon to the seasonal changes of SST in the Atlantic basin including the Caribbean Sea. A positive correlation exists in the southern oceans when SST leads precipitation by 1-2 months with respect to eastern Amazon precipitation. Larger rainfall totals over the eastern Amazon during austral fall are associated with above normal SST in the southern oceans and below normal SST in the northern oceans (Wang and Fu 2002) .
There are different lines of thinking when it comes to defining the exact onset date of the South American monsoon. Kousky (1988) and Horel et al. (1989) suggest decreased outgoing longwave radiation values that approach certain thresholds over pentads can accomplish this. Marengo et al. (2001) follows increases in precipitation over several pentads to determine onset. This study also notes the progression of the monsoon throughout South America with the origin over the northwest Amazon River basin then to the southeast and finally to the mouth of the Amazon River and the Nordeste region of Brazil. Li and Fu (2004) argue the increase of convergence at the surface near and just south of the equator due to increased convection during the initiating phase cause the crossequatorial flow to become northerly. This low-level flow is characterized by a V-index, which is the average of the 925 hPa meridional winds over a domain (Wang and Fu 2002) . The northerly flow causes persistent advection of moisture from the Caribbean Sea to south of the equator including western regions of the Amazon. This region coincides with lower surface pressures, increased convection, and development of the Bolivian high at 200 hPa. These factors are indicators of the existence of the South American monsoon season. The withdrawal of the monsoon is much more gradual and progresses from the southeast first then northward.
Objectives of the study
The purpose of this study is to thoroughly investigate the performance of coupled models toward precipitation climatology and anomalies over tropical South America, specifically toward the demise of the wet season. Several studies have been conducted in order to validate the ability of models to accurately predict the Asian monsoon on a seasonal timescale. There has been some success in this regard from the response of seasonal climate to El Niño or La Niña events (Barnett et al. 1994; Meehl and Hu 2006; Philander 1990 ). Both dynamical and statistical methods have had reasonable levels of success for such seasonal predictions (Gadgil and Dhorde 2005; Krishnamurti et al. 1999) . There have also been efforts to verify the usefulness of numerical modeling on these temporal scales over tropical South America. The ability to predict seasonal rainfall in advance has many benefits. The interannual variability of seasonal rainfall over South America has been investigated by many authors (Marengo et al. 2004; Fu and Wang 2004; Nobre et al. 2006) .
Among the methods used to improve model performance for a variety of variables is dynamical and statistical downscaling. In predicting a variety of variables, including, but not limited to, precipitation, geopotential, specific humidity, and temperature, several authors have shown the coarse resolution of global models may be improved with the use of nested, higher resolution regional models over Brazil and South America region (Chan and Misra 2011; Misra et al. 2003; Druyan et al. 2002; Nobre et al. 2001) . Robertson et al. (2004) showed that dynamical downscaling might be beneficial in predicting precipitation anomalies on longer temporal scales and even down to 10-day dry spells in some areas. Nobre et al. (2001) used NCEP's regional spectral model with a global forcing by the ECHAM3 AGCM at 80 km and then at 20 km. They found improvements over the AGCM at the 80 km resolution but also noted the 20 km results were less realistic. In a similar fashion, Druyan et al. (2002) forced a regional climate model at 50 km with the Goddard Institute for Space Studies GCM and developed improved forecasts. Misra et al. (2003) utilized the Center for Ocean-LandAtmosphere Studies global spectral model version 2.2 with a dynamical core from NCAR CCM3 forcing a regional spectral model developed by Juang and Kanamitsu (1994) . The Arakawa-Schubert deep convection scheme was replaced with the Simplified Simple Biosphere Scheme. Their results improved upon the AGCM in the Amazon River basin but degraded precipitation in the Nordeste. Low-level jets are better resolved in the higher resolutions but still these are under-predicted. The authors mentioned the use of coarse data in the initialization and model biases may have contributed to these underestimations. Chan and Misra (2011) used an anomaly nesting technique whereby the model climatology is replaced with a higher resolution reanalysis to combat this problem.
In statistical downscaling, a higher resolution dataset is used as opposed to a second model by using regression and stochastic statistical methods (Wilby and Wigley 1997) . Statistical downscaling is less computationally expensive than dynamical methods. Over South America, there have been few studies that utilize statistical downscaling (Valverde Ramírez et al. 2006; Solman and Nuñez 1999; Mendes and Marengo 2010) .
We shall illustrate the performance of as many as 13 state of the art atmosphere ocean global coupled models providing 20 years (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) of rainfall forecasts. The performance of these models individually over the domain is quite poor. A starting point in seasonal forecasts is the model climatology. In the previous papers it is shown that given a reliable and high resolution rainfall observations, a model downscaling for forecasts Chakraborty and Krishnamurti 2009 ) is possible over the domain. If one follows up next with the construction of a multimodel superensemble then it is possible to obtain seasonal rainfall climatology that carries very high skill. Simple skill metrics for the evaluation of the climatology forecasts include the root mean square errors, and spatial correlations.
Data and domain
The outputs from thirteen coupled models were used in this study to investigate the rainfall forecasts over tropical South America. A brief explanation of resolution, physics and components of the models has been given in the Table 1 . These are discussed in more detail later. Forecasts from each model cover different temporal scales. Most of the models were integrated from 1 May to 30 September for the austral summer season, and integrated from 1 November to 31 March for the austral winter season. The acronyms for the model names are provided in Table 2 . Entire datasets for the model's forecast were obtained from the CliPAS project (Wang et al. 2008) . A high resolution (0.5°latitude by 0.667°longitude) monthly observed global rainfall is obtained using the Modern Era Retrospective-analysis for Research and Applications (MERRA) dataset (Rienecker et al. 2011 ). This dataset is available from 1979 to present. This study will focus on the 20 year period from 1982 to 2001. The domain encompasses the entire Amazon basin and the adjacent regions from 30°S to 10°N latitude and 30°W to 80°W longitude. Krishnamurti et al. (1999 Krishnamurti et al. ( , 2000 developed a superensemble technique that utilizes a set of multimodel forecasts to derive a single consensus forecast that differs from the ensemble mean of the models. This method was inspired by the research of Lorenz (1963) who suggested that ''verylong-range'' forecasts might be developed when using two or more numerical solutions. It is also the methodology adapted in this study. The dataset utilized by Krishnamurti et al. (2002) is separated into two different time segments, the training phase and the forecast phase. The individual model performance is derived using multiple linear regression (MLR) against the observations in the domain during the training phase. Each model in the ensemble is assigned a weight based upon the results of the regression. These weights are then used in the forecast phase of the superensemble. The full field variables are not used in determining the weights assigned to each model. The multiple regression technique utilizes the temporal anomalies of the variables instead. The individual model weights are implemented in the forecast construction in the following manner:
Methodology

Superensemble technique
where S is the constructed forecast; O is the observed climatology; a i is the weight for the ith member in the ensemble; and F and F i are the forecasts and forecast climatological values, respectively, for the ith model's forecast. N designates the number of member models the summation is taken over. The climatology O and a i originate from different sources. Chakraborty and Krishnamurti (2006) calculate S for 52 different seasons. The anomalies calculated in this study are for different years so the coefficients do not need to add up to zero. If the superensemble performs poorly over the course of a year during the forecast period, this can result in differences between S and Ō . The model weights a i are determined through minimization of the error term G, which is expressed as
N train is the number of time samples in the training phase of the superensemble. O 0 t and S 0 t are the observed and superensemble field anomalies respectively at any training time t. This process is performed over the entire domain at each grid point and vertical level in the aforementioned dataset during the forecast phase. Each model is given a weight at each grid point in all models in three-dimensional space. The member model with the strongest performance at one grid point possesses a higher weight whereas a poor performing model may even have a negative weight. Using this methodology, you achieve weights that do not vary greatly for a model grid or any particular variable from year to year. This is indicative of the stability of the method and its ability to perform well on the seasonal time scale.
This forecast method is different from the traditional bias removed ensemble mean because it does not use 1/N Acronyms are explained in Table 2 as its weights. Individually assigning weights to the model and variable grid points has proven to perform better than letting a i = 1/N for I = 1, 2, 3,…, N . In a multimodel bias-removed ensemble,
the superensemble scales the individual model forecast by its relative performance during the training period in a manner mathematically equivalent to weighting it.
Synthetic superensemble technique
The synthetic superensemble (SSE) methodology is a variant of the superensemble methodology which is shown to provide better forecast skill than that of the conventional superensemble (Yun et al. 2005; Chakraborty and Krishnamurti 2009; Kumar and krishnamurti 2012) . The SSE forecast is obtained when synthetic datasets are used in the superensemble algorithm in place of the member model forecast datasets. One set of synthetic data is created corresponding to each model by a linear regression with the observed (analysis) field in the EOF space. It was found that the SSE performs better than the conventional superensemble (Yun et al. 2005) . In this paper, the phrases superensemble and SSE will be used interchangeably to refer to the SSE forecasts.
Member models
As many as 13 state-of-the-art atmosphere-ocean models were used for the construction of the superensemble. The datasets used were acquired from our lab's personal contacts with the data producers. In Table 1 , some details on model resolution, physical parameterizations, description of the ocean modeling, years of model runs and relevant references are provided. This also includes the number of ensemble forecasts provided for each model run. Table 2 provides a guide of frequently used acronyms. The ensemble mean forecasts from a single model's several runs are also included in this study. These model forecasts are cast at a common horizontal resolution of 2.5°latitude by 2.5°longitude for the construction of model ensembles.
The models carry a diversity of physical and oceanic parameterizations. This provides a robust ensemble for the seasonal climate experiments. A coupled version of the Community Climate Model, version 3 (CCM3), from the National Center for Atmospheric Research (NCAR) was also included in this suite of member models. The atmospheric component of this model was run at the T63 resolution and with 18 vertical levels. The oceanic component was adapted from Hamburg Ocean Primitive Equation (HOPE) global model (Wolff et al. 1997) , which has a resolution of 5°in longitude and 0.5°-5.0°in latitude with higher resolution over the equatorial latitudes. The oceanic initial conditions were obtained from a comprehensive coupled assimilation where the initialized SSTs were relaxed to observed SST .
The Predictive Ocean Atmosphere Model for Australia-1 (POAMA1) is also included in this multimodel suite. The atmospheric components of the POAMA1 are at R47 resolution (rhomboidal truncation at 47 waves) and it has 17 vertical levels. A detailed description of this model can be found in .
Two independent versions of ECHAM4 initialized from NCEP-DOE reanalysis 2 with differing oceanic component schemes are utilized from FRCGC (Luo et al. 2005 ) and the University of Hawaii (Fu and Wang 2004) . The atmospheric components of these simulations are at horizontal resolution of 2°9 2°. The Seoul National University model with the MOM 2.2 oceanic component is included as well (Kug et al. 2007 ).
Finally, the seven member models of the Development of a European Multimodel Ensemble System for Seasonal to Interannual Prediction (DEMETER) project were included in this suite. The DEMETER consists of a variety of models from different parts of Europe. A description of this project is provided in Palmer et al. (2004) . There were nine members in an ensemble simulation for each model of the DEMETER family. An average over these nine members was taken before using these data in the superensemble. Specifics on each model in the DEMETER project may be found in Table 1 . The superensemble methodology has been used to provide better forecasts for a variety of phenomena, including, but not limited to, the South Asian monsoon and tropical cyclone track and intensity (Williford et al. 2003) . Improvements in these forecasts coupled with Lorenz's deductions suggest the superensemble may be a very useful tool in the long-term prediction of anomalous precipitation events globally, including over tropical South America.
Downscaling methodology
While this SSE technique is now over 10 years old, it's reliance on statistics as opposed to parameterizations allow it to remain relevant and at the forefront of forecasting tools. It is possible to utilize any global coupled model as a member in these forecasts. Limiting factors in forecasting accuracy are nonlinear model parameterizations along with the lack of high-resolution data during initialization. The ability to use dependable data on smaller scales in the initialization and training phases of models would greatly aid in better forecasting.
The SSE aims to reduce these model biases previously referred to by Misra et al. (2003) . This coupled with a statistical downscaling may lead to substantially better forecasts on a regional scale. This particular method of downscaling differs from statistical downscaling in a traditional sense. Table 1 shows the spatial scales of member model forecasts in this study. Recent reanalysis by Rienecker et al. (2011) provides rainfall data on a finer grid scale. Utilizing a bilinear interpolation, model rainfall datasets are interpolated to MERRA's grid resolution (0.5°latitude 9 0.67°longitude). Kumar and Krishnamurti (2012) show:
where R obs and R mdl are the observed and interpolated model forecasts of rainfall, respectively; a and b are regression coefficients known as the slope and intercept of the least fitting squares; and e is the error term. The main idea is to minimize the absolute value of e j j ð Þ. Regression coefficients are calculated independently using the crossvalidation principle where the regression coefficient for calculated year is held aside while the remaining years in the dataset are used to calculation the regression coefficients. The downscaled model rainfall is then obtaining using the aforementioned coefficients:
where R dscl is the downscaled rainfall forecast of the model; here, a and b are calculated using Eq. (4) at each 
Further SSE refinement
In practice, selective inclusion (and exclusion) of particularly ineffective model members involved in the calculation of SSE coefficients, has proven effective in attempts to increase forecast skill . The number of models needed for minimal RMSE increases with the magnitude of the temporal scale. In order to illustrate the potential benefits on this study, the SSE forecasts including all member models will be referred to as SSE-A. On the other hand, forecasts derived from the alternative, modified SSE will be denoted by SSE-B. The DEMETER group models make up seven of the member models. The best performing remaining models were retained in the SSE-B. The two least effective (SNU and UH) were omitted. The effectiveness of each model was based upon SSE weightings, RMSE, and anomaly correlations. Consequently, SSE-B is developed from only 11 member models.
Description of anomalies
Precipitation climatology from MERRA reanalysis (0.5 9 0.667 lat-lon resolution) is shown in Fig. 1a and MERRA reanalysis in coarse resolution (2.5 9 2.5 lat-lon) is shown in Fig. 1b 1984 (1992) shows anomalously positive (negative) precipitation values from MERRA reanalysis datasets. These 2 years were chosen to undergo further scrutiny. In the Amazon basin, negative (positive) precipitation anomalies are typically caused by the late (early) onset and early (late) demise of the wet season. Using EOF analysis, Jones et al. (2012) discovered in fact that the median onset and demise of the wet season were late October and late April, respectively. The same study shows the demise of the wet seasons in 1984 and 1992 fit the predicted outcome with dates near May 1st and April 15th, respectively. The observed anomalies over the domain are described here.
March-May 1984
The majority of the Amazon basin experienced above average rainfall during MAM of 1984 (to be referred to as Case 1). Figure 2a shows observed rainfall anomalies over the domain. The Nordeste region to the east of the Amazon delta showed the most pronounced anomalies with an expansive area of daily rainfall of the order of 3 mm/day above climatology. While much of the basin has positive anomalies of greater than 0.6 mm/day, a maximum extends from the aforementioned Nordeste maximum westward to secondary maximums in Tocantins, Mato Grasso, southern Para, and eastern Amazonas near Manaus. These three maxima all exceed 3 mm/day. Manaus averages just under 2000 mm/year of rainfall. A surplus of approximately 300 mm fell during this three-month period. Areas of below normal rainfall are also seen during Case 1. The southeastern Brazilian coast near Rio de Janeiro and the majority of Bolivia both saw rainfall deficits around 1 mm/day. A significant negative anomaly is shown along the Caribbean coast in Venezuela, Guyana, and Suriname that exceeds 3 mm/day over a wide area including parts of the state of Para in Brazil. It is easy to point out the 6 mm/ day difference in rainfall between northern and southern sections of Para.
The effect of the El Niño Southern Oscillation (ENSO) is also depicted. A developing La Niña is documented during 1984 (Chou et al. 2003) . The negative rainfall anomalies over the coast of Ecuador extending westward in the South Pacific Ocean are signs synonymous with a negative ENSO event. The cooler waters lead to decreased precipitation and subsequent downward motion over the area. Increased precipitation over the Amazon basin and delta tend to accompany La Niña events (Marengo et al. 2001) .
March-May 1992
The primary distinct feature (Fig. 2b) shows below average rainfall on the order of 2-3 mm/day during MAM of 1992, hereafter referred to as Case 2, over the northern two-thirds of Brazil. One of larger deficits (*3 mm/day) is centered just east of the Amazonian delta over the coastal region in the state of Maranhao. Negative anomalies of at least 3 mm/day extend over the states of Piaui, northern Ceara, northern Tocantins, and the southeastern half of Para. A second minimum was centered near Manaus in eastern Amazonas also measured greater than 2.6 mm/day. Anomaly values of 2 mm/day extend northward into the state of Roraima. Negative anomalies extend as far west as Subsidence over the Amazonian basin due to excess convection in the eastern Pacific Ocean may have led to the suppression of precipitation over the region. Large positive rainfall anomalies are noted over Ecuador on the edge of the domain, which is typical of an ENSO event. Not to be neglected are the effects of previous SST fluctuations in the Atlantic basin. Both of these are considered in the analysis of this anomaly.
The negative anomaly in northern Brazil extends southward near the coast. The states of Bahia, Minas Gerais, and Rio de Janeiro show negative anomalies ranging from 0.5 to 1.5 mm/day. Conversely, the majority of the southern third of Brazil had a precipitation surplus. The maximum positive anomaly of approximately 3 mm/ day was located near the Argentina-Paraguay border in the state of Parana. This positive anomaly is rather isolated and inland except to the south in Rio Grande do Sul where it remains positive but is less than 1.5 mm/day. A secondary maximum anomaly of approximately 2 mm/day is shown east of the Andes Mountains over central Bolivia.
SST influence
Sea surface temperatures and anomalies are very important to climate forecasting and may have significant effects on the climate locally and globally depending upon the severity of the anomaly. The ENSO phenomenon is a prime example of the interdependence of the ocean and atmosphere. During a particularly strong ENSO, rainfall over the Amazon basin is suppressed. Increased convection over the western Pacific off the coast of Ecuador leads to outflow aloft and descending air over the majority of Brazil. This factor alone may cause widespread negative rainfall anomalies over the northern two-thirds of the domain. We may not, however, ignore the effects of the Atlantic SST.
Case 1: 1984
The tropical Atlantic Ocean on average is cooler than average during DJF and MAM of 1983-1984 . Weak anomalies on the order of 0.15°to 0.3°C are present just east of the Lesser Antilles in averaged monthly SST data ( Fig. 3a-d) . In contrast, a large positive anomaly centered around 15-20°S off the southeastern coast of Brazil reaches a magnitude of 1.2°C. This anomaly extends northward to the equator and could aid in rainfall enhancement in a manner similar to increased precipitation on the coast of Ecuador during an El Niño event. Conversely, the negative precipitation anomaly on the Caribbean coast looks to be influenced by nearby cooler waters of the North Atlantic.
Case 2: 1992
The largest negative rainfall anomalies exist on the coast of northeast Brazil just east of the Amazon delta. The proximity of these anomalies suggests another potential factor may have led to decreased rainfall other than ENSO. The SST anomalies over the Atlantic basin for the 3 months prior to the initialization until the end of MAM show persistent negative values between 0.5°and 1°C near the Brazilian coast (Fig. 3e-h ). Outside the month of December 1991, the Atlantic Ocean showed distinct negative anomalies near the equator and Brazilian coast. It has been shown the anomalously cool SSTs tend to suppress convection in the region it occupies. More specifically, a relationship exists between positive Pacific SST anomalies and negative Atlantic anomalies in the tropics. Marengo et al. (2001) shows that in general this accompanies a late onset and early end to the monsoon. The lack of precipitation over the mainland would support this argument.
Member models, ensemble mean, and SSE forecasts
From 1982 to 2001, seasonal precipitation forecasts during MAM over the domain utilizing the 13 coupled global circulation models, their EM, and the SSE were compared to the observed rainfall. Analysis shown in Fig. 4 reveals SSE-B outperforms the vast majority of member models and their EM during each year. For example, the member models generally performed rather poorly during MAM of 1982 with many showing correlations close to or less than zero. SSE-B posts a correlation of 0.54 compared to a member model high of 0.34 by the LODY and an EM value of 0.06. In the year 2000, RMSE of the model EM was 2.11 a b Fig. 9 a Anomaly correlations and b RMSE for precipitation forecasts for Cases 1 and 2, MAM 1984 and 1992 over the entire domain. Coarse and downscaled data are included with best performing model, SNU, posting a RMSE of 1.83. The SSE-B RMSE in the same year is 1.84. While this is not nearly an ideal forecast, it is shows an example of performance near or above that of the individual member models. The improvements were not only evident in years of poor model performance. In 1983 and 1998, the EM correlations were 0.75 and 0.66, respectively, while the SSE-B improved anomaly correlations to 0.83 in both.
It is also important to note the differences in model performance in general between coarse resolution and downscaling forecasts. Several member models performed better with the coarse resolution data. The BMRC, ECMW, LODY all had lower RMSEs using the downscaled method. Both SSE versions made significant improvements with the downscaling technique. Following this method, SSE-B anomaly correlations are 0.62 and 0.80 for 1984 and 1992, respectively. A graphical representation of this is shown in Figs. 5, 6, 7 and 8, while anomaly correlations and RMSEs are shown in Fig. 9 . Figure 5 shows the ability of SSE-B to forecast the strong precipitation gradient over Para and French Guiana. A small region of negative anomalies over the southeastern Brazilian coast in observed data are also shown in SSE-B. The maxima and minima over the Colombian and Ecuadorian coasts are picked up as well. In general, SSE-B duplicates the anomalies found in the observed data better than any of the member models or the EM. The forecast from SSE-B is (Fig. 8) . The EM did recreate the strong positive reflection over Nordeste but was inhibited itself by a large negative anomaly produced by most member models over the tropical Atlantic Ocean that is not present in observed data (Fig. 6) . The SSE-B, instead, nearly transposes this configuration.
In Case 2, member models generally performed well and the SSE-B does a particularly good job at graphically reproducing observed rainfall (Fig. 7) . Small scale maxima over the Andes mountains in Peru are not seen any member models nor the EM but are strikingly similar in the observed and the SSE-B fields. The tight gradients over Ecuador, Colombia, and Venezuela are displayed as well. A strong positive anomaly over Paraguay and extreme southern Brazil is missed by all models in magnitude. The SSE-B is the only model that spatially depicts this anomaly. Figure 10 shows a scatter plot diagram relating observed MERRA rainfall anomalies to the anomalies member models, the EM, the SSE-A, and the SSE-B. Data points along an ordinate with slope equal to 1 are an exact hit at a particular grid point in the domain. Model rainfall anomalies are plotted along the x-axis and MERRA reanalysis rainfall anomalies are plotted along the y-axis. A forecast with zero correlation would follow either axis. While this is not anticipated, it provides a barometer by which to interpret the results. Looking at the member models with the smaller correlations (i.e. UH, METF, and MAXP), there is a tendency for a thinner scatter that tightly surround the y-axis. Data points near or to the left of the y-axis at values greater than 10 mm/day show a significant underestimation of rainfall at a specific grid point over a 20-year period by a particular model. On the other hand, the better performing models, such as the ECMW and SINT, have a reduced number of these ''misses'' and also have more values near the slope = 1 line. For perspective, these better models still have mean anomaly correlations of less than 0.35, thus having a greater number of total ''misses'' than ''hits''. The SSE-B has none of these significant underestimations on average. The profile visually tilts toward the slope = 1 line. A mean anomaly correlation of 0.69 suggests the aforementioned logic applies as expected.
Subdomain forecasts
Model performance was also analyzed over the four smaller subdomains over South America located in Fig. 11 . The first region (Domain A) is located along Caribbean Fig. 12 Average of seasonal anomaly correlations for each member model, the EM, SSE-A, and SSE-B over 20-year period (1982-2001) during MAM over the entire domain and each subdomain coast from Venezuela eastward to Guyana, Suriname, and French Guiana. The coordinates of Domain A are from 10°N 70°W to 2°N 50°W. Domain B is located over the Nordeste region of Brazil. Its coordinates are 2°S 50°W to 16°S 34°W. Domain C includes the greatest variations in elevation and is positioned over the upper Amazon basin including regions of Colombia, Venezuela, Peru, Brazil, and Bolivia. Paraguay and southeastern Brazil compose Domain D. The coordinates of Domain C and D are 5°N 75°W to 14°S 60°W and 15°S 60°W to 28°S 40°W, respectively . Figure 2a , b shows observed rainfall anomalies over the entire domain. This shows that although Case 1 and 2 were generally above normal and below normal years, respectively, certain regions experienced differing precipitation amounts. The ability of AOGCMs to predict the variations on smaller spatial scales with accuracy is very valuable, especially in localized industries. The use of higher resolution data may aid in developing these forecasts. As previously discussed, in 1984, the majority of Brazil saw a rainfall surplus but the Caribbean coast experienced significant deficits. A similar observation is found in 1992 where the southern third of the domain saw positive anomalies. Figure 12 compares the anomaly correlations of all four subdomains and the entire domain. SSE-B performs well over all four subdomains during the span of the study with all average anomaly correlations of at least 0.59. The member models, EM, and SSE-A all carry negative correlations in Domain D. The UH, METF, and MAXP models performed particularly poor in all domains a b Fig. 13 a Anomaly correlations and b RMSE for model precipitation forecasts utilizing the downscaling method for Domain A compared to other member models which is a reflection of the results discussed surrounding Fig. 10 . A noticeable observation was model performance in Domain B. All of the member models except MAXP had positive correlations in this region. Figures 13, 14, 15 and 16 show the seasonal anomaly correlations and RMSE for each subdomain in MAM from 1981 to 2001. Table 3 shows a summary of the most (and least) effective seasons for the rainfall anomaly forecasts with respect for RMSE.
Of note is the general excellent performance of member models in Domain D. As seen in Fig. 17 , the mean RMSE for all models was between 0.89 and 0.93 over the 20 years reviewed in this study. This is significant when considering the next lowest mean RMSE from any member model in any other subdomain was 1.27 by MAXP in Domain C. As alluded to in Table 3 , the SSE-B had precipitation forecasts that produced RMSEs in Domain D that were as low as 0.33 (Fig. 16 ). While member models had the highest anomaly correlations in Domain B, the RMSEs in that region were not as impressive. The worst model performance was found in Domain A. It is in this region where we found the aforementioned deviations from the larger anomaly spatial trends in Cases 1 and 2. In regards to these two cases, it is possible to investigate the differences in coarse resolution initializations versus the downscaled results reviewed in detail above. Figure 17 shows RMSEs for all four subdomains comparing coarse and downscaled precipitation forecasts. The larger trend of mixed results for member models continues throughout the smaller domains except in Domain C where downscaled forecasts are better across the board. This is also another opportunity to point out two repeating occurrences of 1984 and 1992 in this study. Model's performance in Domain D is better as compared to other domains. SSE-B consistently outperforms over the best member model and the ensemble mean.
Concluding remarks
Statistical downscaling has been shown to improve forecast skill Kumar and Krishnamurti 2012; Nicholas and Battisti 2012) . While several studies have examined dynamic downscaling over South America, the limited literature in the study of statistical downscaling lends the opportunity to contribute an additional perspective in the matter. NASA's MERRA reanalysis is used in this study as a high-resolution alternative to original model data initializations. Brands et al. (2012) explored the challenges of using reanalysis data, specifically NCEP/NCAR and ERA-40, as the basis of a b Fig. 15 Same as Fig. 13 except for Domain C statistical downscaling modeling. All reanalysis datasets possess inhomogeneity that will cause issues in model performance. These errors arise primarily over the oceans due to the deploying difficulties of surface based instruments, like rainguage. Complex terrains, wider river catchments and dense forests are also data sparse regions. The MERRA data a b Fig. 16 Same as Fig. 13 except for Domain D (1998) has its own limitations with moisture field related datasets (Rienecker et al. 2011) . When looking at the model RMSE for Domain C, a substantial improvement was seen from coarse resolution forecasts to the downscaled forecasts. All but three of the member models used either NCEP or ERA-40 reanalysis in the atmospheric component as initial conditions. The higher resolution of the MERRA reanalysis helped to improve these forecasts. This may be due in part due to better handling of the topography over the region.
The SSE technique provides a tool capable of reducing model bias while utilizing the downscaling method during the initialization phase. While the full 13-member SSE did not consistently perform better than the ensemble mean forecast, the modified version of the SSE was very accurate compared to the member models and their ensemble mean. This follows the findings by Krishnamurti and Kumar (2012) where the SSE RMSE decreases as more models are included and the temporal scale increases but only to 12 member models for a 15 years length dataset. The modified SSE performed better across the majority of the board in all domains, including the larger domain, when comparing anomaly correlation and RMSE. Scatter plots comparing observed rainfall anomalies to forecasted anomalies reveal that the SSE had very few significant ''misses'' at any particular grid point over a 20-year period. The highest RMSE in any MAM in any year by the SSE was 2.59. This occurred during 1988 in Domain A where the mean model RMSE was 3.35. In the same year and domain, all member models had negative anomaly correlations while the modified SSE forecasted a 0.83 correlation. The magnitude of these improvements can be utilized in practice to pinpoint regions of potential anomalous rainfall. With this study, we seek to contribute to the fledgling population of statistical downscaling studies over South America. While this study is not conducted in same manner as a traditional statistical downscaling, it does give some insight into alternative methods that may be used to develop more accurate forecasts on a seasonal timescale. Also, as the climate community has begun to lean away from deterministic measures as forecast validation techniques, future work may consider utilizing more probabilistic techniques as well. Mendes and Marengo (2010) showed that a downscaled temporal neural network outperforms statistical models in daily precipitation forecasts over the Amazon basin for a 30-year period ending in 1999. Valverde Ramírez et al. (2006) compare MLR techniques with artificial neural network (ANN) techniques using data from meteorological stations in southeastern Brazil as opposed to reanalysis. They found that ANN techniques, which are described as ''universal approximators'' by Hornik et al. (1989) , yielded better forecasts than MLR techniques. Krishnamurti et al. (2009) utilized the expansive APHRODITE dataset in a SSE downscaling project with favorable results over monsoon Asia. Considering the success of these studies, the fusion of ANN downscaling techniques and a highresolution land-based dataset with SSE methodology would plausibly yield even higher forecast accuracy. A comparison of such a study with the results presented here would only lead to a better understanding of the options and benefits of downscaling, not only over South America, but also, in varying spatial and temporal scales.
